With the prevalence and increasing importance of electronic mail in people's daily life, how to ensure the performance of email system has become a challenging issue to the email service providers. A good understanding of email file system workloads is very important to provide useful insight into the design of email system for performance gains. In this paper, the empirical contributions of various traffic characteristics of email file system are studied, through analyzing the traces collected from an OpenMail file system. The correlation study of I/O inter-arrival times shows that the self-similarity study is quite necessary, and some statistical evidences are provided to demonstrate the existence of self-similarity in the email traffics. In addition, we implement an I/O series generator in which the inputs are the measured properties of the available trace data. Experimental results show that this model can accurately emulate the complex arrival behaviors of real email systems, particularly the heavy-tail characteristics under both Gaussian and non-Gaussian workloads.
Introduction
As an important file-transfer mechanism, electronic mail has become one of the prevailing methods of communication. More and more people are making use of email to process various transactions everyday. Then how to ensure the performance of email systems has become a challenging issue to the email service providers.
More specifically, the results of this paper lie in three folders: (1) The empirical analysis shows that the cumulative distribution functions of write request numbers, write request sizes and write bandwidths are almost identical, and poles apart for those of read requests. ( 2) The correlations of I/O request inter-arrival times are strong and ubiquitous in the email I/O workloads studied in this paper. Thereby the I/O arrivals are inappropriate to be recognized as Independent Identically Distributed (IID) and the self-similarity study is necessary. The remainder of the paper is organized as follows. Section 2 briefly introduces the related work. Section 3 examines the empirical distributions of workload characteristics. Section 4 studies the correlation of I/O request inter-arrival times. Section 5 presents the evidences of the existence of self-similarity in the email I/O traces and measures the degree of self-similarity. Section 6 implements the I/O series generators to model I/O workload. Finally, we conclude this paper in Section 7.
Related Work
Although email has become a public service of increasing importance for a long time, little research effort has been directed towards the characterizations and analysis of the workloads of the email file system. As the industry standard mail server benchmark, SPECmail2001 omits the empirical distribution studies while it provides a white paper including some of its benchmarking parameters in detail [3] .
Furthermore, Bertolotti and Calzarossa [4, 5] studied the mail server workloads and characterized the parameters such as message sizes, inter-arrival times and the number of recipients per email. Another prior work had been done by Gomes et al. [6] in the study of spam which focused on SPAM delivery characteristics including message arrivals, sizes and recipient distribution properties over eight days, and showed the results that message sizes exhibit a log-normal heavy-tail as arrival times lack any heavy-tail behavior. The latest study by Sam Shah et al. [7] considered seven months of email traffic, and mainly studied the message sizes and arrival times as well as the content of messages, providing data on content types and data lifetimes of message payloads. In Ref. [7] , a Pareto heavy tail in message sizes and arrival times was presented and the self-similarity was briefly studied.
There are also a few works focused on the comprehensive characterization of storage workloads and the self-similarity studies [8, 9, 10, 11] . As a start towards the study of the self-similarity phenomenon, the self-similar nature in computer network workloads is able to successfully characterize the bursty in network traffic. Further studies which focused on Ethernet LANs [12] and WANs [13] also demonstrated that the aggregated traffic is self-similar. Other studies focused on various workloads such as video, web, and disk I/O traffic [10, 14, 15] have shown that all of these data traffics exhibit Long-range Dependencies (LRD), which is also an indicator of self-similarity. The self-similarity in file system had also been studied in Ref. [16] . All these studies offer results indicating that it can not be modeled adequately with Poisson arrivals when the workload has a self-similar property.
A good understanding of metadata operation characteristics is important, however, file system performance is largely determined by its I/O behavior due to the increasing gap between processor speed and disk latency. Thereby we primarily focus on the I/O aspects of the traces. Unless otherwise specified, the detailed characterizations presented in the following sections are based on the I/O aspects of the traces.
Characterizing I/O Access Pattern
This section analyzes the empirical distribution of openmail traces collected from server's busy periods, and composed of i3125omX series. The empirical studies of I/O access patterns (such as I/O request sizes, I/O bandwidth and queue length et al.) in email system are studied in order to gain a deep understanding of the workload behavior.
I/O Request Number
The Cumulative Distribution Functions (CDF) of I/O request numbers in a resolution (also called I/O request arrival rates) are depicted in Fig. 1 , the X-axis shows the read (or write) request numbers per second, and the Y-axis denotes the percentage of the read (or write) request As can be seen from Fig. 1 (a) , the empirical distribution of read request numbers vary from i3125om1 to i3125om6. Especially note that over 15% of read numbers for i3125om6 are zero. Different with Fig. 1 (a) , Fig. 1 (b) shows that the empirical distributions of write request numbers are almost identical to each other in openmail workload except i3125om6 for which over 15% of write numbers are also zero. As shown in Fig. 1 (b) , about 70% of write arrival rates on these traces are lived between 100 to 400 requests in a resolution.
I/O Request Sizes
As well as we known, there is a measurable impact on system performance if I/O request size distribution matches the observed behavior. The cumulative distribution functions of I/O request sizes are depicted in Fig. 2 , the X-axis shows the read (or write) request sizes, and the Y-axis denotes the percentage of the read (or write) request size. A point (x; y) in the cumulative distribution curve indicates that y% of request sizes are less than or equal to a request size of x.
As can be seen from Fig. 2 (a) , the empirical distributions of read request sizes are not identical and vary from i3125om1 to i3125om6. It is evident that about 40-60% of read sizes for each subtrace are 8640 bytes, over 90% of read request sizes for all of subtraces are below 10 Kbytes. Fig. 2 (b) shows that the empirical distributions of write request sizes are almost identical in the openmail workloads. As shown in Fig. 2 (b) , about 50% of write request sizes for these subtraces are 8640 bytes. Identically with Fig. 2 (a) , Fig. 2 (b) shows that over 90% of read request sizes for all of subtraces are also below 10 Kbytes. 
I/O Bandwidth and Queue Length
The empirical studies of I/O bandwidths and queue length are also depicted in Fig. 3 . In Fig. 3 (a) and 3(b) , the X-axis shows the read (or write) bandwidths, and the Y-axis denotes the percentage of the read (or write) bandwidths. A point (x; y) in the cumulative distribution curve indicates that y% of bandwidths are less than or equal to a bandwidth of x. As is shown in Fig. 3 (a) , the empirical distributions of read bandwidths are also not identical and vary from i3125om1 to i3125om6. Note that about 15% of read bandwidths on i3125om6 are 0 bytes/sec. Different with Fig. 3 (a) , Fig. 3 (b) shows that the empirical distributions of write bandwidths are almost identical in openmail workload (from i3125om1 to i3125om6 ) except that about 15% of write bandwidths for i3125om6 also are 0 bytes/sec. These observations above may be explained by the reason that over 15% of read (write) numbers for i3125om6 are zero.
Furthermore, in Fig. 3 (c) , the X-axis shows the queue length, and the Y-axis denotes the percentage of the queue lengths. A point (x; y) in the cumulative distribution curve indicates that y% of queue lengths are less than or equal to a queue length of x.
As can be seen from Fig. 3 (c) , over half of I/O requests occurred as storage subsystem is idle, such as about 54% of the requests for i3125om6, about 67% of the requests for i3125om5, especially for the subtrace from i3125om1 to i3125om4, about 73% of the requests arrived as storage subsystem is idle. These observations can be used to design effective disk power management policy of storage subsystem in OpenMail email server.
Characterizing I/O Arrival Pattern
In this section, we mainly characterize the I/O arrival pattern. So, the empirical distributions and correlations study of I/O request inter-arrival times are discussed below.
The cumulative distribution functions of I/O request inter-arrival times are depicted in Fig. 4 . As can be seen from Fig. 4 (a) , the empirical distributions of write request inter-arrival times are almost identical in openmail workload (from i3125om1 to i3125om6 ).
In order to study I/O performance optimization strategies, it is typically required to understand the workloads, particularly correlations of I/O request inter-arrival times first. Auto-correlation Functions (ACF) are a widely-used mathematical tool to study the correlations, i.e., measure if earlier values in a time sequence X = {X i |i = 1, 2, · · · , N } have some relation to later values. The correlation coefficient at lag k is defined as where µ is the expectation of the time series X. Then the ACF (k), with a lag of k is
The change trends of auto-correlation coefficient can characterize the burstiness of I/O arrivals. If the correlation coefficient reduces remarkably and approaches to zero quickly, then I/O requests arrive in a smooth instead of bursty fashion. In this case, there is very little or no correlation and accordingly Independent Identically Distributed (IID) methods can be used to model real I/O workloads. On the other hand, if the correlation coefficient reduces very slowly, the I/O process is then very bursty and there exists some degree of correlations, either near-term or longer-term. As a result, time-series or self-similar models are required to model I/O arrivals [17] .
In the following, we use Auto-correlation Functions (ACF) to study the patterns and characteristics in I/O inter-arrival times from a time dependence perspective. The ACFs of these traces composed of i3125omX series are plotted in Fig. 4 (b) . In Fig. 4 (b) , we plot the autocorrelation functions of the I/O request inter-arrival times from lag 0 to lag 100. As shown in Fig. 4 (b) , there are apparent correlations for the I/O request inter-arrival times from i3125om1 to i3125om6. Comparing the auto-correlation functions of the I/O request inter-arrival times for Openmail traces, we can find that the correlation for i3125om1 is stronger than others.
In conclusion, there are strong correlations mostly in the I/O request inter-arrival times from i3125om1 to i3125om6. This motivates us to study and measure the self-similarity in the next section.
Self-similarity Study
In general, self-similarity means invariance with respect to scaling across all time scales. In Fig. 5  (a) , the pictorial evidence of the self-similarity of I/O events in the openmail trace is provided. As can be seen from Fig. 5 (a) , a self-similar process is a process that looks similar and bursty across all time-scales. Observe that I/O bursty behavior is independent of the time scale at which it is displayed. So, this is a strong evidence of the self-similarity of I/O events in openmail workload.
Then, we made some statistical measurements of the self-similarity in the I/O accesses of the openmail workload. The first statistical indication of self-similarity is given by the Autocorrela- 
, k ≤ 0, that depends only on k. We say the process X is self-similar if its ACF has the following property:
In particular, the process X is exactly second-order self-similar with Hurst parameter H = 1−β/2 if the ACF is of the form:
The ACF of a self-similar process has an asymptotically hyperbolic decay as shown in Equation (3) . Note that the ACF is non-summable, i.e. ∑ k ACF (k) = ∞. The Hurst parameter, H, gives a measure of the degree of self-similarity of a given time-series. A value in the range (0.5, 1) indicates the existence of self-similarity and a larger value implies a stronger level of self-similarity. There are several exploratory analytic tools such as variance-time plot, R/S analysis (also called Pox plot), and Whittle estimator, to detect and estimate the Hurst exponent in a set of observations. A brief description of the methods can be found in Ref. [9, 10] , and a detailed analysis of various graphical and analytical methods can be found in Ref. [18] .
In this paper, R/S analysis and variance-time plot are used to estimate the degree of selfsimilarity of an I/O access time-series depicted in Fig. 5 (a) . Fig. 5 (b) illustrates the Pox plot for I/O events in openmail workload, and displays the linear curve fits. A least-squares linear fit of the data produces estimated Hurst parameter value of 0.684. The estimated hurst parameter is well above 0.5, confirming the presence of self-similarity in the openmail I/O events.
In Fig. 5 (c) , the variance-time plot is used to estimate the Hurst parameter for the same I/O events in openmail workload that has been used to produce the Pox plot of Fig. 5 (b) . A least-squares linear fit of the data produced estimated Hurst parameter value of 0.685.
Comparing this estimate with the previously estimated value of 0.684, we find that they are extremely close. Thus it is reasonable to give confidence to these analysis techniques as well as to the estimated values of H. Once again, the estimated Hurst parameter is well above 0.5, confirming the presence of self-similarity for I/O events in openmail traces. Furthermore, the correlation between all H estimates generated by variance plot and the previously presented H estimates generated by Pox plot is extremely high, although the estimates' confidence intervals do not overlap.
To summarize, we have used both R/S analysis and variance-time to convincingly show that I/O bursty in openmail workload exhibits self-similarity. The variance-time and R/S analysis produced consistent measures of the degree of burstiness of the traces, and these measures appeared to be closely correlated across the openmail traces.
Synthesizing Openmail Workload Based on Alpha-stable Process
Previous sections have shown both visual and statistical evidences to verify the existence of selfsimilar nature in openmail workload. In this section, we presents a mathematical model which generates synthetically I/O workloads while preserving the self-similar property.
Why Use the Alpha-stable?
Many techniques have been proposed to synthesize self-similar traffics [9, 10, 16, 19, 20, 21, 22, 23] . For example, ON/OFF model, used by several researchers [10, 16] , is easy to construct, and its parameters have physical meanings. However, the ON/OFF model only adapts to synthesize particular classes of traffic and constructing the model often requires significant computational effort [9] .
To emulate the burstiness in storage systems, Zou et al. [24] proposed a useful model based on the α-stable process. In this section, we use the Poisson, ON/OFF and α-stable models to synthesize I/O workload for openmail. A brief introduction about this model will be shown in the following, and the description in detail can be found in Ref. [24] .
For a set of observations X = (X t : t = 1, 2, . . . , n) with a mean µ, a variance 2σ 2 , the process X t is said to be an alpha-stable process if its stable distribution is defined by its characteristic function [25] : If α = 2, then β tan π = 0 and β is then meaningless. In this case, it is the characteristic function of a Gaussian stochastic process, i.e., E[e iθX ] = exp{−σ 2 θ 2 + iµθ}. Otherwise, it is one class of non-Gaussian functions. Therefore, as the value of parameter α changes, the α-stable process is able to flexibly represent a stochastic process.
Ref. [24] has developed a model based on the α-stable process to accurately build a synthetic disk I/O workload in storage systems. In this paper, we extend this α-stable model to synthesize email access workloads. Specifically, the inputs in the α-stable model are the measured properties of the available trace data, including the degree of self-similarity in the email I/O workload, the degree of email I/O burstiness, the degree of heavy tail in the email I/O workload. This model allows us to conveniently turn the email workload model for different environments.
For each openmail trace, we compute the I/O arrival rate, i.e., the number of I/Os per time unit. We place all I/O arrival rates into a group of stochastic numbers. First, the maximum-likelihood method is used to estimate the parameters of the α-stable process corresponding to the openmail traces needed to be measured. Table 1 summarizes the estimates of α-stable parameters. In Table 1 , each row includes the openmail trace name and the estimates of four α-stable parameters. Due to the fact that the α-stable distribution degenerates to a Gaussian stochastic process if α = 2, with mean value µ and variance 2σ
2 , β will be meaningless [24] . Accordingly in Table 1 , a slash will fill in the place of β if α = 2. According to the parameter estimates, we can obtain the relevant α-stable distribution and further check whether the given α-stable distribution matches the probability distribution of the I/O arrival process in openmail workloads through PP (Probability-Probability) plot [26] .
The PP plots of the given data set and α-stable distribution are illustrated in Fig. 6 . As shown in Fig. 6 , the X-axis shows the probability point of the hypothetical α-stable distribution, and the Y-axis denotes the probability point of the given data set. PP plot is able to avoid the accumulative effect brought by the heavy-tail distribution. In Fig. 6 , a majority of data points are located on a line of 45 degrees, i.e., the hypothetical α-stable distribution is consistent with the real data distribution.
In addition, we have also used the quantile method and the sample characteristic function instead of the maximum-likelihood estimation, to perform all experiments conducted above. The results are consistent with the maximum-likelihood estimation. Thus, we conclude that I/O arrivals in openmail workloads can be modeled through the model proposed by Ref. [24] .
Experiment Results
Our model can faithfully emulate the burstiness of email I/O activities in all studied traces. The Cumulative Distribution Functions (CDFs) are used to intuitively compare the synthetic workloads through our proposed, ON/OFF and Poisson methods and trace results. The Cumulative Distribution Functions (CDFs) of the synthetic and real traces for openmail, are illustrated in Fig. 7 , the X-axis shows the I/O numbers per second, and the Y-axis denotes the percentage of the arrival rates. A point (x; y) in the cumulative distribution curve indicates that y% of arrival rates are less than or equal to an arrival rate of x. The openmail workload synthesized by the α-stable model very closely matches the real trace data, as shown in Fig. 7 . It is evident that it is difficult for the Poisson method to accurately capture the email I/O burstiness which can be precisely characterized by the α-stable method.
A quantitative approach to evaluate the improvement is to analyze the error. A trimmed mean [26] is widely used to measure the central tendency and it is less sensitive to outliers that are far away from the mean. A trimmed mean is calculated by discarding a certain number of highest and lowest outliers and then computing the average of the remaining measurements. Since statistically a trimmed mean is usually more resilient and robust than a simple average mean, we use the trimmed mean to evaluate the matching degrees between each real workload Table 2 .
As can be seen from Table 2 , for almost all of traces studied in this paper, the trimmed mean of error between the real workload and the α-stable synthetic workload is minimum. As shown in Table 2 .56, respectively. Accordingly, our proposed model can reduce the trimmed mean of error of the Poisson models by 79%, 62%, 29%, 57%, 70%, and 57%, respectively. In addition, our proposed model can reduce the trimmed mean of error of the ON/OFF models by 72%, 51%, 6%, 38%, 59%, and 31%, respectively. So, the synthetic workloads generated by the α-stable method are more accurate than the synthetic workloads synthesized by the Poisson and ON/OFF methods.
Conclusions
While accurately characterizing the I/O requests of email workload is a fundamental step to finding solutions to alleviating the I/O performance bottleneck in email server storage systems. A deep understanding of I/O demands of email workload is useful to provide insight into the fair performance evaluation of email server storage system, and also useful in modeling the I/O requests of email workload for other application or scientific uses. This paper analyzes a set of real I/O traces of email applications running in OpenMail email server, studies the empirical distribution of both access pattern and arrival pattern and the correlation of request inter-arrival times, and measures the self-similarity of the email I/O workload.
Our study has the following conclusions: (1) The empirical analysis shows that the cumulative distribution functions of write request numbers, write request sizes and write bandwidths are almost identical, and poles apart for those of read requests. ( 2) The correlation analysis shows the correlations of I/O request inter-arrival times are strong and ubiquitous in the email I/O workloads, thereby the I/O arrivals are inappropriate to be recognized as Independent Identically Distributed (IID) and the self-similarity study is necessary.
To further measure the degree of self-similarity, the Hurst parameters estimation had been performed. The results clearly prove that the email I/O workloads are self-similar for different time scales. Thus traditional Poisson or Markov arrival processes are inappropriate to model the I/O requests of email systems. Therefore, we implement an I/O series generator in which the inputs are the measured properties of the available trace data. Experimental results show that this model can accurately emulate the complex arrival behaviors of real email systems, particularly the heavy-tail characteristics under both Gaussian and non-Gaussian workloads.
